Linear acceleration is an important enabler for many applications of mobile and wearable activity recognition. The most common approach for estimating linear acceleration is to estimate the gravity component of accelerometer measurements and to project gravity-eliminated accelerometer measurements onto horizontal and vertical planes. Consequently, the accuracy of the linear acceleration estimates is highly dependent on the accuracy and robustness of the underlying gravity estimation algorithm. The present paper contributes by developing a novel approach for gravity and linear acceleration estimation from accelerometer and gyroscope measurements. Our approach improves on previous solutions by (i) providing increased robustness in the presence of sustained acceleration; (ii) detecting and filtering out common types of noise, such as centripetal forces and shifts in device orientation caused by spontaneous user interactions; (iii) operating on shorter time windows, making our approach suitable for applications that require rapid updates on user activities; and by (iv) distinguishing between lateral and longitudinal components of linear acceleration. Experiments carried out using over 100 hours of measurements demonstrate that our approach results in significant improvements in the accuracy of linear acceleration estimates, and improves robustness against common sources of noise in the estimation process. Specifically, our method achieves over 40% improvements in the accuracy of reconstructing speed information and over 70% improvements in the accuracy of estimating travel distances.
. Comparison of linear acceleration estimates between JigSaw (middle) and our approach (bottom). The actual measurements, collected during a commute with a bus, are shown at the top. The highlighted periods correspond to an orientation change (left) and the period of highest acceleration (right).
INTRODUCTION
Linear acceleration is an important enabler for many applications of wearable and mobile activity recognition as it allows distinguishing actual motion from the effects of gravity. This in turn can be used, e.g., for achieving orientation independence in activity recognition [5, 9] , to extract information about vehicular movement patterns [7] , to distinguish between everyday transportation modalities [5, 17] , to support inertial navigation for autonomous robots moving along uneven terrain [12] , and to monitor injury risks [11] .
Linear acceleration is typically estimated by deriving an estimate of the direction of the gravity vector and projecting gravity-eliminated accelerometer measurements onto horizontal and vertical planes. Consequently, the accuracy of the linear acceleration estimates depends on the robustness and accuracy of the underlying gravity estimation algorithm. Current solutions to gravity estimation are insufficient for deriving accurate linear acceleration estimates for several reasons. First, they assume gravity to be the only consistent force exerting the accelerometer, thus ignoring sustained acceleration which is frequently present, e.g., during mechanized motion. Second, the approaches ignore common sources of noise, such as centripetal forces exerting the sensor during turns and changes in device orientation, e.g., due to spontaneous user interactions. Third, current gravity estimation algorithms typically require relatively long data windows, e.g., the JigSaw system uses a 4 second window [9] whereas Mizell uses a 30 second window [13] , making these approaches unsuitable for real-time sensing applications. The severity of these problems is illustrated in Fig. 1 , which compares linear acceleration estimates between the JigSaw system (middle) and our approach (bottom). As measurements we have used data collected on a Samsung S3 smartphone during a bus commutethe original measurements are shown at the top of the figure. From the figure we can observe that JigSaw follows the sensor measurements too closely, removing most of the motion information and being highly sensitive to noise in the measurements. In the figure we have highlighted two sections where these issues are particularly pronounced. The period on the left corresponds to a change in device orientation, which is falsely detected as a period of acceleration. The period on the right contains the period of highest acceleration, which in turn is completely removed from the linear acceleration. In contrast, our approach preserves all information about actual motion, while at the same time filtering out noise and the effects of orientation change.
The present paper contributes by developing a novel approach for gravity and linear acceleration estimation. Our approach operates on a combination of accelerometer and gyroscope measurements, enabling us to decouple rotation and movement, which in turn helps to mitigate the effects of different sources of noise. Our algorithms improve on previous solutions by (i) providing increased robustness in the presence of sustained acceleration or centripetal force; (ii) detecting and filtering out common types of noise, such as shifts in device orientation caused by spontaneous user interactions; (iii) operating on significantly shorter time windows, making our approach suitable for applications that require rapid updates on user activities; and by (iv) enabling the separation of lateral and longitudinal components of linear acceleration. Experiments carried out using over 100 hours of measurements demonstrate significant improvements in the accuracy of linear acceleration estimates. Specifically, we demonstrate over 40% improvements in the accuracy of reconstructing velocity information and over 70% improvements in estimating travel distances using motion sensors. The energy consumption of accelerometers and gyroscopes is relatively low (in total around 35 mW), resulting in a small energy footprint for our approach. Our approach is also computationally lightweight, making it well-suited for mobile devices.
RELATED WORK
Estimating the direction of the gravity vector is a subproblem of the more general problem of attitude estimation, i.e., determining the orientation of an object. Attitude estimation has been widely studied, e.g., in aerospace applications, robotics, and motion capture [4, 10, 15] . The main principle is to combine information from two or more complementary sensors to control for different sources of noise. Examples of relevant techniques include variants of IMU-based Kalman filters and complementary filtering techniques. In contrast to mobile devices which rely on lower quality sensors 1 , these approaches typically utilize high precision inertial sensing units composed of accelerometers, gyroscopes, and often also magnetometers. Moreover, these approaches assume the effects of noise to be consists over time, making them unsuitable to mobile domains where the effects of noise are dynamic.
One of the first approaches for estimating the gravity component on mobile devices was proposed by Mizell [13] who estimated the gravity component using the mean of accelerometer measurements over a 30 second window. This simple approach generally works fine during pedestrian motion as during these periods the variance in movements is uncorrelated over time, resulting in gravity being the dominant force exerting the accelerometer. Many mobile activity recognition systems have used variations that rely on shorter time windows. For example, Nericell [14] uses the median of a 10 second window, JigSaw [9] uses mean of a 4 second window, and the transportation mode detection system of Wang et al. [17] uses mean of a 8 second window. Generally the longer the window, the better the accuracy, but the higher the latency in the system. However, as illustrated in Fig. 1 , these approaches break during sustained acceleration. In addition, these approaches ignore the effects of both centripetal forces and changes in device orientation. An alternative is to use a low-pass filter to extract the gravity component from the measurements. Similarly to the approach of Mizell and its variants, this approach is sensitive to the window length, either failing during sustained acceleration with short window length, or inducing high latency with long window length. The Gravity and Linear Acceleration virtual sensors provided by Android API 2 are based on a combination of these techniques, thus also suffering from the same limitations. In particular, while the virtual sensors work reasonably well during pedestrian movement, they break during mechanized movement that is characterized by sustained acceleration, orientation changes, and centripetal forces.
Kunze et al. [8] estimate gravity opportunistically from accelerometer measurements whenever the variance of the measurements is small and their magnitude approximates the gravity vector. Hemminki et al. [5] propose an extension that adapts the variance threshold over time. This ensures gravity can be estimated when the variance of the measurements is consistently high. The authors also provide a method for detecting orientation changes by comparing the magnitude of the current measurements against the estimated gravity. While these approaches improve the overall accuracy of gravity estimation, they still suffer from some limitations. The main issue is that these approaches are sensitive to sustained acceleration, triggering erroneous updates of the gravity component when the target object is changing velocity or turning.
GRAVITY AND LINEAR ACCELERATION ESTIMATION
Our approach for estimating linear acceleration builds on a novel gravity estimation algorithm that has been designed to mitigate the effects of common sources of inertial noise, such as sustained acceleration, sporadic user interactions, and centripetal forces caused by gyration. Our approach combines accelerometer and gyroscope measurements, which enables decoupling acceleration from device rotation. This in turn provides improved robustness against inertial noise and enables more accurate gravity and linear acceleration estimation. Our approach operates with short measurement frames (one second), which makes it well suited for applications that require real-time motion related information.
Overview
The basic idea in our approach is to detect so-called keypoints, which correspond to local minima in the acceleration affecting the user. During these periods, the user is typically either approximately stationary or moving with a constant speed, making gravity the main force exerting the accelerometer measurements. For each detected keypoint, we assign a stability score that reflects the overall variability of the measurements around the keypoint. From the keypoints, we derive an estimate of the gravity component by interpolating between the detected keypoints. However, as some of the keypoints can be erroneous, a separate step is used to validate and prune the keypoints before the gravity estimates are interpolated. We also separately monitor for changes in the device orientation and reinitialize the gravity estimation process whenever a substantial change is detected. Once the gravity component has been estimated, we rotate gravity eliminated accelerometer measurements onto global reference plane to obtain an estimate of the overall linear acceleration. Finally, we use correlations between relative changes in device heading and horizontal acceleration to separate between lateral and longitudinal components of the linear acceleration. The overall process for estimating the gravity component and linear acceleration is illustrated in Figures 2 and 3 .
Stability of Measurement Frames
The first step in our approach is to detect keypoints that correspond to local minima in the acceleration affecting the user. A naïve approach for this task is to consider points where the variance is sufficiently small as keypoints, as has been done in previous works [1, 8] . While this approach works well during most pedestrian movement, gyration and sustained acceleration, particularly during motorized movement, can result in significant errors in the resulting keypoints. These errors could potentially result in all movement related information being removed from the measurements, as illustrated in Figure 3 . Processed Accelerometer measurements along horizontal plane, and horizontal Angular velocity processed from Gyroscope. Highlighted on the left is a turning event with centripetal force and on the right acceleration event. Fig. 1 . To improve the robustness of the keypoint detection, we combine accelerometer and gyroscope measurements to assign a stability score that reflects the overall variability of the measurements within a specific frame. Only frames with sufficiently high stability are considered as keypoints.
Let X denote an arbitrary measurement frame. We define the stability score of the frame as follows:
Here σ X denotes the standard deviation of the measurements, Δμ X is the difference in mean between subsequent measurement windows X i and X i−1 , and ω is the magnitude of angular velocity. The difference in mean provides a mechanism for detecting sustained acceleration, whereas angular velocity enables accounting for periods where the sensors are influenced by centripetal forces. Note that the stability score measures overall variability of the measurement frame, and hence a low score implies high stability for a keypoint. The variables α σ , α μ , and α ω are weight terms, which we require to sum up to one. In the experiments we consider α σ = 0.1, α μ = 0.45 and α ω = 0.45 as the values of the weighting coefficients, i.e., we assume gyration and magnitude changes are the most important factors in determining stability.
Detecting Keypoints
In general, the smaller the variability of the measurements within a frame (i.e., the lower the score), the higher the stability of the frame and the better candidate the frame is for estimating gravity. In practice, however, the stability scores cannot be directly compared as they are sensitive to the overall magnitude of inertial noise, which in turn depends on the current inertial environment of the user. To identify best possible keypoints, we compare the stability of a frame against an adaptive threshold that is adjusted according to the current inertial environment, ensuring the quality of the gravity estimate is the best possible for the given environment.
Our algorithm for detecting keypoints is summarized in Algorithm 1. We compare the stability score S i (Eq. 1) of the current measurement frame i against an adaptively chosen threshold s (Lines 1-2). Whenever the score is within the threshold, the variability in the measurements is small, making the frame a good candidate for gravity estimation. In this
keyP oints.add(K i ) we use the score of the corresponding measurement frame (Line 3), and as the gravity estimate K G i we consider the mean of the accelerometer measurements within the frame (Line 4). When the stability score of the frame exceeds the threshold, the value of s is increased by a value that depends on the stability of the most recent keypoint and a (small) step-size parameter η (Line 9). In the experiments we use η = 0.01 3 . The threshold is increased until some frame finally meets it, after which the threshold is reinitialized to the stability of the current frame. Thus, the algorithm effectively searches for the lowest possible score value for the current inertial environment, while at the same time ensuring some keypoint candidates are being generated.
Keypoint Validation
In certain situations, the stability of measurements can remain high despite the user being in motion. During these periods, the detection algorithm of previous section would result in an erroneous keypoint being detected. If this keypoint was considered during the the gravity component estimation, all motion related information would be lost. The two most common causes for this problem are illustrated in Fig. 4 . On the left-hand side, the user is performing a gentle turning motion during high-speed driving. During this period gyration is relatively low and centripetal forces are approximately constant, resulting in high stability for the measurements. The righthand figure illustrates the case where the acceleration experienced by the user is approximately constant, resulting again in high stability. However, if keypoints generated from these periods would be used, the resulting gravity estimate would follow the actual sensor measurements too closely instead of preserving the relevant movement related information.
To reduce errors caused by periods of approximately constant acceleration/deceleration or gyration, we perform a separate validation step on the detected measurements before using them for gravity estimation. The basic intuition is to compare whether the accelerometer and the gyroscope detect the same physical phenomena. Specifically, we assume that whenever accelerometer measurements report a change in device inclination, a change of approximately same magnitude should be
Remove K i 7: end if observed by the gyroscope. In practice, limited sensor quality and the complexity of the user's inertial environment always cause some discrepancies in the measurements. To account for these factors, instead of requiring an equal change, we define an error range Acc , which defines the acceptable margin of error for the difference between the two inclination changes. If the threshold is exceeded, the keypoint is considered instable and removed from the final gravity estimation.
The keypoint validation algorithm is described in Alg. 2. We first analyze the accelerometer measurements around the keypoint and identify possible peaks in the measurements (Line 1). In case a peak is detected, we calculate the change in inclination separately from those accelerometer and gyroscope measurements that fall within the peak (Lines 3 and 4). For calculating the inclination change from gyroscope, we first need to rotate the measurements onto the reference frame using the gravity estimate K G i associated with the keypoint (Line 2). When no peaks are detected, the stability of the measurements is consistently high and the keypoint can be accepted without further processing. If the difference between the two inclination change estimates is larger than the threshold Acc , the keypoint is rejected. Currently we use Acc = 5
• as the maximal allowed discrepancy for the sensor readings. The value was selected by finding a maximum difference in sensor measurements, considering the sensor quality and noise in measurements. We opted for a strict threshold as the loss of few true keypoints has low impact on overall gravity estimation accuracy, whereas false keypoints can potentially produce large errors.
Orientation Change Detection
Handling events where device orientation changes substantially is a central challenge in gravity estimation. If not treated properly, these situations can induce a substantial error to the estimated gravity component while the algorithm seeks to converge to the new device orientation. A popular method for this problem has been to monitor the difference between gravity estimates and current accelerometer measurements, triggering orientation change when the difference exceeds a predefined threshold [5, 9] . This method, however, suffers from an inherent flaw in that the accelerometer measurements are influenced by device rotation and acceleration due to motion. Consequently, these approaches can confuse between actual periods of acceleration and changes in device orientation. An alternative is to use device inclination to estimate changes in device orientation. Park et al. [16] demonstrated that inclination is effective at discriminating between different device placements. However, similarly to the approaches using mag- nitude for orientation change detection, the approach of Park et al. is sensitive to device rotations and acceleration due to motion as it derives the inclination information directly from accelerometer measurements.
if (Δβ + Δγ) > A then 8:
T rackOrientation() 10: while M > σ Event
11:
end if 12: else 13:
To overcome the problems of previous approaches, we consider a stream-based event detection algorithm that uses gyroscope and accelerometer to monitor for significant shifts in the inclination of the device. The incorporation of gyroscope enables separating device rotation from motion-related information, and the use of an event detection algorithm enables our approach to adapt the detection to the prevailing inertial environment. Our algorithm for detecting changes in orientation is summarized in Algorithm 3. We consider a two-stage detection approach. In the first stage, we use a stream-based event detection algorithm on the magnitude of gyroscope measurements. The event detection algorithm compares the current change in gyroscope magnitude against a threshold σ Event that is determined dynamically based on a running estimate of the standard deviation of gyroscope magnitude (Lines 1 -2). Currently we set the threshold σ Event equal to three times the standard deviation of recent gyroscope measurements, which effectively corresponds to performing a two-sided t-test with a significance value of 0.0001.
Changes in angular velocity do not directly translate to shift in device orientation as, e.g., a bump in the road or the user shifting position can produce substantial changes in the magnitude of angular velocity. However, in these situations the movement is often symmetric in the sense that the device returns to approximately initial orientation. To avoid triggering orientation change in these events, the second stage of our approach uses changes in device inclination to determine whether the change was due to shift in orientation. The change in inclination, denoted Δθ, is calculated as the sum of the changes in the roll γ and pitch β angles, i.e., Δθ = Δγ + Δβ.
The roll and pitch angles are determined by mapping the current gravity estimate into an Euler angle representation of the device. This is a standard operation related to estimating orientation changes and accomplished using the getEulers helper method. When the change in inclination exceeds a threshold A (Line 7), we assume the orientation of the device is changing substantially and trigger orientation tracking, which ensures that the orientation change is not interpreted as linear acceleration. We track the orientation using the method proposed by Madgwick [10] . Once the orientation is no longer changing, we store the current orientation and reset the gravity estimate. This ensures the estimated gravity is not continually changing while the user is interacting with the device, and that the gravity estimate rapidly adapts against changes in orientation. Currently we use A = 10
• as the threshold.
Gravity Estimation
The frequency of detecting keypoints depends on the user's inertial environment. In some situations, such as traveling by car along an uneven road, there could be a significant delay between successive keypoints. To ensure applications can continuously access high quality gravity and linear acceleration estimates, we use a complementary filter to interpolate gravity estimates in between keypoints. In the propagation step of the filter, accelerometer and gyroscope measurements are used to update the gravity estimate derived from the preceding keypoint K a . Once a new keypoint K b is detected, a filtering step is performed to adjust the estimates between the bounding keypoints K a and K b .
Propagation Step
The propagation step is responsible for deriving real-time estimates of the gravity component. The estimates are derived by updating the gravity estimate of the latest keypoint K a using a combination of gyroscope and accelerometer measurements. The basic form of the progation equation is given by
where α is a weight term (we use the default value 0.01) and ω is the rotation matrix derived from gyroscope measurements.
In practice there are two important limitations to this basic scheme. First, gyroscope measurements are inaccurate in terms of drift and noise. Second, the accelerometer measures simultaneously multiple sources of acceleration, making it difficult to decouple the desired effects from noise. To reduce the effects of the different sources of noise, we use an adaptive scheme where the weight of the correction factor α is adapted on the basis of relative frame stability. Specifically, we calculate the correction factor 4 using:
This scheme allows the interpolation to rapidly correct for drift when the device is in a stable state, while at the same time reducing loss of motion related information during periods of true linear acceleration.
Filtering Step
The stability of the detected keypoints varies depending on the user's inertial enviroment and the quality of the gravity estimates can be further improved by assigning more weight to keypoints with high stability. Whenever a new keypoint becomes available, we use a bi-directional interpolation scheme to adjust the estimated gravity. The use of a bi-directional scheme helps to mitigate drift by reducing the distance between interpolated values and gravity estimates. We derive two gravity estimates using the sequences G a = G(x 1...n ) (forward interpolation) and
The quality of these interpolations can then be assessed by comparing them with the gravity estimates of the corresponding keypoints, i.e.,
The final gravity estimate is calculated as a weighted combination of the two interpolations, assigning higher weight to interpolation with a small error. We use a non-linear (Sigmoid) weight function, given by:
Here n is the number of measurements between keypoints and c = nEa Ea+E b is a weighting factor determining the relative interpolation quality between the forward and backward estimates. The final interpolation G can now be expressed as:
Adaptation to Application Requirements
We have also designed an extension of the above mentioned scheme which allows applications to adjust the adaptation mechanism by specifying an "acceptable" range for the quality of the interpolation. In this case, applications specify a range [ minE , maxE ] for interpolation quality, and we automatically adjust the accelerometer correction factor to meet the desired quality criterion. The adaptation mechanism monitors the quality of the gravity interpolations, and in case the interpolation quality falls outside the desired range, reiterates with adapted accelerometer correction factor α. Since 4 The same adaptation scheme is used in the filtering step, with the exception that we use min{K the interpolation weight W already emphasizes the better of the interpolations G a , G b , we use min(E a , E b ) to define the current interpolation error. For the adaptation we employ a simple mechanism where α is doubled whenever the error is higher than maxE and halved whenever it is lower than minE . As the default values we use minE = 0.01g and maxE = 0.05g. Accordingly, when the error is low, we reinterpolate with a smaller correction factor alpha to maximize the amount of motion information that is preserved. In the opposite case, the user's inertial environment contains lots of noise. To mitigate the effects of noise, the correction factor is increased to put more weight on the accelerometer values.
Extracting Linear Acceleration
Once the gravity component has been estimated, we decompose the linear acceleration into a three dimensional vector consisting of vertical L v , longitudinal L lo and lateral L la accelerations. We start by rotating the accelerometer measurements onto the reference frame. We use A x , A y and A z to denote the rotated measurements.
Estimating the linear acceleration along vertical plane L v is trivial as this can be solved by simply removing the vertical component of the gravity vector from the vertical component of rotated accelerations, i.e.,
Lateral and longitudinal linear acceleration, however, are more difficult to solve, since the sensor measurements do not directly include information about the direction of movement on the horizontal plane. We approach solving L la and L lo by first defining two orthogonal unit vectors,û ⊥ v pointing to lateral and longitudinal directions on the horizontal plane. Next, we define key periods, Accelerating, Breaking and T urning, during which the sensor measurements contain most information about direction of horizontal motion. Accelerating is triggered when there is a period of acceleration following a stopping period. Similarly, Breaking is detected when there is a period of acceleration preceding a stopping period. During these periods, the direction of movement on horizontal plane can be estimated using four-quadrant inverse tangentv = arctan(A x , A y ). T urning is detected by inspecting the correlation ρ between R z and A x,y , i.e., between rotation around vertical plane and acceleration on horizontal plane. Correlation indicates presence of centripetal force, which can be used as reference for lateral direction. We use correlation as a weighting term, and estimate the unit vectorû pointing in lateral direction using:
).
Finally, sinceû andv are orthogonal vectors, we can evaluate the reliability of direction estimate by calculatingv ·û. Ideally,v ·û = 0, which indicates flawless reliability. Any deviation from 0 can be interpreted as a measure of uncertainty about the horizontal direction and can be relayed to receiving application for futher processing.
Since the estimated directionû andv is only valid while the device orientation remains relatively unchanged, we use detected orientation shifts to segment the data into periods where the orientation remains stable. Only measurements from these periods are used to estimate the correlations.
BENCHMARK EVALUATIONS
We evaluate our techniques through a combination of microbenchmarks that focus on the different sub-algorithms, and an evaluation of the accuracy of the overall approach by comparing the estimated linear acceleration measurements against GPS ground truth. In the following we describe the microbenchmark evaluations. The accuracy of linear acceleration estimation is discussed in the subsequent section.
Dataset
Our micro-benchmark evaluations have been carried out using 67 hours of measurements collected from nine individuals. The measurements were collected using two controlled scenarios, which were designed to contain a large variety of everyday transportation modes and traffic conditions. To demonstrate that our results are not specific to the scenarios considered, the evaluation of the overall system was carried out using a separate set of measurements collected from everyday transportation behavior; see the next section.
The two scenarios took place within the downtown area of a medium-sized European city with around 750, 000 inhabitants and extensive public transportation network. Each scenario lasted between 90 and 120 minutes per participant. The first scenario was carried out during the winter of 2011−2012 and included nine participants. The second scenario was carried out during autumn of 2012 and included seven participants. Each participant carried three phones, placed at the three most common placements for a mobile phone in an urban space [6] : trouser pockets, jacket pockets, and bag. Ground truth annotations were made on an additional mobile phone to avoid disturbing the sensing units. We consider frames consisting of one second of gyroscope and accelerometer measurements. We assume the frames are constructed without overlap. In line with current best practices, a lowpass filter was applied on both sets of measurements to reduce the influence of jitter. In the data collection we have employed five different phone models: Samsung Nexus S, Samsung Galaxy S II, Samsung Galaxy S III, Samsung Galaxy S 4 and Samsung Galaxy S 5. The sampling rates of the sensors varied from 50 Hz to 190 Hz during the experiments.
Keypoint Detection Performance
We first consider the performance of the keypoint detection algorithm by inspecting the conditions where keypoints are generated. To carry out this evaluation, we consider a subset of the measurements collected from controlled scenarios that covers different motorized modalities (bus, car, and tram modalities). We selected motorized modalities that operate amongst other traffic to ensure the data contains more dynamic variations, thus posing a more challenging environment for gravity and linear acceleration estimation. The data contains labels for stationary periods during segments of motorized segments, i.e., periods where the user is in a vehicle, but the vehicle is completely stopped. As these periods represent the best opportunities for keypoint generation, we evaluate the keypoint detector by comparing how well the generated keypoints align with the stationary periods.
We consider precision and recall as our evaluation measure. The recall of the keypoint detection reflects how often a stationary period induced the keypoint detector to trigger, whereas precision reflects how often the triggered keypoints corresponded to actual stationary periods. As we do not consider the filtering step at this stage of the evaluation, recall is more important than precision as it defines how often the best opportunities are detected.
The results of this evaluation are summarized in Table 1 . Out of the 810 stationary periods, keypoints were generated during 97%, i.e., 789 stationary periods, indicating an excellent recall. The few occasions where keypoint was not generated during a stationary period were mainly caused by two events: either (i) the user was moving or interacting with the device, resulting in a low stability, or (ii) there were consequent stationary periods where a high-stability stationary period was closely followed by a low-stability stationary period. In terms of precision, we observe that most of the keypoints were generated during stationary periods for the bus and tram modalities, but only 40% for car modality. This relates to the stopping frequency of the different modalities, since compared to car, bus and tram stop more frequently to let passengers in and out. Inspecting the average stability scores, however, reveals that our method is able to find keypoints also outside the periods explicitly labeled as stationary with only modest effect on keypoint stability.
Keypoint Validation
We evaluate the performance of keypoint validation step using measurements collected in a known device orientation. Since the gravity component G is known for these measurements, any keypoint outside an error corridor G ± G in Alg. 2 can be defined as a false keypoint.
Out of the 941 detected keypoints 211 were filtered, of which 133 were false keypoints and 78 true keypoints. In total 7 false keypoints were left unfiltered, all of which were associated with an acceleration or breaking period. Since removing a few true keypoints is secondary to removing false keypoints, we next focus on the 7 unfiltered false keypoints. Of the 7 false keypoints, 4 were the first keypoint of a segment. The first keypoints are problematic for the validation algorithm if they are detected during the first few frames of the data, since in these situations we are left with incomplete information about peaks in acceleration. The other three unfiltered false keypoints were generated during acceleration or breaking periods in high-speed motorway drive. In these cases, the algorithm fails to detect false keypoints due to the noise caused by vehicle movement to gyroscope measurements. The error caused to gravity estimation by both cases is limited, since the stability of the keypoints generated at start of segment or high speed motorway drive is low, and a new keypoint is typically generated within a few tens of seconds.
Orientation Change Detector
We next demonstrate the effectiveness of our approach for detecting changes in device orientation. We consider two evaluations. First, we show that the algorithm triggers from changes in the inclination θ and that it is able to track the device's orientation during these events. Second, we show that the algorithm does not trigger during periods of strong acceleration or vehicle turning maneuvers.
To evaluate that our orientation change detector is triggered by change in tilt angle θ, we produced 5 sets of 10 orientation changes with varying angular velocity and magnitude. For a summary of the performed orientation changes, see Table. 2. The first three sets of orientation changes were between approximately 2-5
• , 5-20
• and 20-90
• respectively, all performed rapidly within a few seconds. The last two sets of large and intermediate orientation changes were performed gradually, within 5 − 10 seconds. Overall, the orientation change detector performed as expected. The performance is somewhat lower during gradual orientation changes, but in everyday usage these situations are rare, as the orientation changes tend to be fast (e.g., taking a phone to the hand or orientation changing while getting out from a car).
To demonstrate that the orientation change module is not triggered by vehicular movement, we have performed a controlled experiment where two smartphones were set in a fixed orientation during a car drive; one mounted to fixed position and one kept inside drivers pocket. A series of acceleration, breaking and turning maneuvers of various intensities within limits of reasonable safety were performed to test the robustness of orientation change detector. Maximum change in measurements due to acceleration and breaking was 2.9m/s 2 . For centripetal force, maximum change was 3.2m/s 2 . Maximum angular velocity measured by gyroscope was 39
• /sec. No orientation changes were triggered by either of the smartphones, confirming that our orientation change detection can avoid false triggering.
Summary
The results of the micro-benchmark evaluations demonstrate that our methods are capable of detecting periods of relative stability in the user's inertial environment with high precision and recall. Ensuring high stability is a key prerequisite for accurate gravity estimation as it guarantees the estimates are derived from periods where gravity is the dominant force exerting the accelerometer, enabling our approach to better preserve motion related information.
Similarly, the results of the performance evaluation of the orientation change detection algorithm demonstrated accurate performance. The performance was particularly good during periods where the changes in angular velocity are large, as would be the case in most situations of practical interest. Examples of situations that should be recognized based on our results include user picking up the device to interact with it, user standing up, or user sitting down.
LINEAR ACCELERATION ESTIMATION ACCURACY
We next demonstrate the effectiveness of our overall solution in estimating linear acceleration. We consider the most important scenario for linear acceleration, namely that of speed and relative distance estimation through integration and double integration of linear acceleration. As ground truth measurements we consider a combination of GPS measurements and information about the actual route, where available.
Measurements
We carry out the evaluation using 47 hours of measurements collected from everyday transportation. As the measurements were collected in an unsupervised setting, no restrictions to device placement or use were imposed. Ground truth was assessed either through GPS (sampled at 1Hz rate) or information about the taken route, where available. In total, we consider 767 kms of transportation data, out of which 315 km were evaluated based on knowledge about route paths and 452 km based on GPS information.
Baselines
We compare our approach against state-of-art gravity estimation techniques. The Madgwick sensor fusion [10] represents the state-of-the-art baseline of combined gyroscope and accelerometer based systems. We also compare our approach against two accelerometer-based solutions: the method used in the JigSaw Continuous Sensing Engine [9] and the method proposed by Kunze et al. in [8] .
Experimental Setup
For GPS based evaluation, we divide each trip to segments using stopping periods obtained from GPS speed as a delimiter. For each segment we calculate the distance and speed from linear acceleration estimates, and compare it with the distance and speed information given by the GPS. For distance, we use absolute distance in meters and relative distance compared to GPS distance. For speed, we use correlation between integration of linear acceleration and speed reported by GPS. Since no speed information during the segments is available, we compare the total distance accumulated by double integration of acceleration with the distance measured from route path.
Results
The overall accuracy of the different methods is summarized in Table 3 . From the results we can observe that the most accurate estimates are given by our method, providing a high correlation with GPS speed and resulting in small distance error both for segments and entire routes. The results also show that the combination of accelerometer and gyroscope measurements provides clear performance gains as both our approach and the complementary filtering technique of Madgwick outperform the accelerometer-based baselines. In terms of the accelerometer-based baselines, the method of Kunze et al. is better at capturing changes in velocity, but overestimates them, and consequently also distance. The method used in JigSaw, on the other hand, tends to follow the measurements too closely, underestimating both speed and distance traveled.
To better understand the performance differences, Fig. 5 illustrates the performance of the different methods in estimating the user's velocity during a bus trip. Both Madgwick and the algorithm used in JigSaw follow the accelerometer measurements too closely, resulting in a significant underestimation of the user's true velocity, and hence also distance. The method of Kunze et al. captures changes in velocity more accurately, only failing to recognize gradual changes (see, e.g., at around 300 second mark). However, the method tends to react too slowly to sudden changes, resulting in significant overestimates of velocity. In contrast to the other methods, our approach correctly recognizes all changes in velocity and is capable of tracking the extent of the changes accurately.
To further demonstrate the benefits of our approach, Fig. 6 compares the total accumulated error in distance over the data containing route-based ground truth information. All methods exhibit approximately linear drift on the data, with the error of our approach being consistently smallest. Moreover, the differences are consistent across all of the transportation modalities considered in the evaluation. Especially noteworthy is the small drift during car travel, since the stability of the keypoints tends to be lower during these periods, as illustrated in the micro-benchmark evaluations. We assessed the significance of the differences using linear regression on the accumulated errors and performing a z-test on the differences between coefficients. All methods had extremely good model fit (R 2 > 0.9) with our method providing over 60% smaller coefficient (0.16 vs. 0.43) than the second best method (Madgwick) . The difference in coefficients between our approach and the complementary filter of Madgwick was found statistically significant (z = −44.35, p << 0.001).
DISCUSSION AND SUMMARY
The present paper has contributed by developing a novel approach for gravity and linear acceleration estimation on mobile devices using a combination of accelerometer and gyro- scope measurements. Our experiments, conducted using over 100 hours of measurements collected from diverse transportation situations, demonstrate good performance in linear acceleration estimation and robustness against the most common sources of inertial noise. In particular, we have shown that the linear acceleration estimates provided by our approach can be used to accurately estimate both the velocity and traveled distance of the user in a variety of transportation situations. We have also demonstrated that our approach can operate well in everyday mobile computing situations where the orientation of the device is unconstrained and can change dynamically.
Relying solely on inertial sensors entails several benefits for energy-efficiency as the energy consumption of accelerometer and gyroscope is low compared to other device functionalities. Specifically, the power consumption of accelerometers is typically around 15 mW, and the gyroscope consumes approximately 20 mW 5 , whereas background processes typically consume around 100 − 150 mW and the GPS consumes around 175 mW. The power costs are likely to go down in the near future as increasingly many smartphones are integrating accelerometers and gyroscopes on the same chip 6 . In terms of processing time, while requiring more processing than accelerometer-based solutions, the processing time of our approach is negligible in practice and well-suited for realtime applications on mobile devices. On a high-end smartphone, the average processing time of a measurement frame is around 10ms, which is over 55% decrease compared to the complementary filtering technique of Madgwick.
The approach presented in this paper enables capturing linear acceleration accurately, which in turn is a fundamental enabler for many activity recognition tasks [3, 5, 7, 14] . Of particular interest are the many vehicular motion related applications enabled by our work. The linear acceleration could be used for e.g., accurate transportation mode detection, fuel consumption estimation and detection of driving maneuvers. Vehicle movements could also be used as electronic evidence for digital forensics, providing valuable information about accident situations. Also the gravity component provides im- portant information to multitude of other applications, e.g., tilt correction for magnetometer, device placement detection and adapting the orientation of device display.
